
 

 

 

Abstract— In this study, first of all, six varieties (Demir-2000, 

Gün-91, İkizce-96, Mızrak, Seval, Tosunbey) of bread wheat are 

classified by using the common vector approach (CVA). For this 

purpose, five yield characters (length of spike, spikelet number per 

spike, grain number per spike, spike weight, plant height) of varieties 

are used. These characters include 20 plant samples which were 

obtained from field studies conducted during two years under dry 

farming. Secondly, five yield characters taken from six varieties are 

classified by using CVA. Satisfactory results were obtained 

especially in the training set. 

 

Keywords— Character classification, common vector approach, 

wheat classification. 

I. INTRODUCTION 

LASSIFICATION of many different plants or varieties of 

any plant is very important in many applications. 

Therefore, classification studies of varieties belonging to 

any plant have been conducted since five decades. Wheat 

varieties were classified using morphological methods at the 

beginning of these studies. Symes [1] classified Australian 

wheat varieties based on the granularity of their whole meal. 

Protein content and kernel hardness of wheat varieties were 

also used as quality evaluations in the classification of wheat 

varieties [2]. 

Computer-based algorithms have been extensively used in 

agriculture in order to classify various plants and their 

characters or samples. Classification of wheat varieties with 

computer algorithms has been become popular in recent years. 

Different methods were used in order to derive features or 

parameters from wheat varieties [3]–[8]. Some of these 

parameters are kernel color, hardness, image spots, dust 

particles, electrophorogram, plan-form spatial shape features 

and Fourier descriptors of kernel perimeters. Many 

classification algorithms such as Principal Component 

Analysis (PCA) [9]–[11], Linear Discriminant Analysis (LDA) 

[10]–[14], Neural Networks (NN) [15]–[17], Artificial  
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Neural Network [15]–[17], and cluster analysis [8], [10], [19] 

have been used in classification of wheat varieties.  

Delwiche and Massie classified two wheat classes by using 

partial least squares and multiple linear regression analyses in 

order to develop binary decision model for various 

combinations of two wheat classes [6]. Instead of samples 

taken from wheats, image analysis was also used in the wheat 

classification with crush-force parameters [4] and with 

statistical filters [5]. Neuman and Bushuk [7] applied digital 

image analysis for objective classification of wheat cultivars 

according to kernel type and identity.  

In this study, we considered six varieties which are Demir, 

Gün-91, İkizce-96, Mızrak, Seval, Tosunbey of bread wheat. 

Each variety was represented with five yield characters which 

are length of spike, spikelet number per spike, grain number 

per spike, spike weight, plant height. Each character includes 

20 plant samples which were taken from field studies 

conducted during two years under dry farming. There are two 

main purposes of our study: one is the variety classification 

and the other is the character classification. That is, the 

varieties and characters were applied to classification process 

separately. The common vector approach (CVA) was used in 

classification process. CVA is a well-known subspace method 

which was used in the classification of speech, speaker, human 

faces and motor faults [20]–[24]. Classification rates of 

varieties and characters are given in tables for training and 

testing stages. 

II.  MATERIALS AND METHODS 

Six bread wheat cultivars (Demir-2000, Gün-91, İkizce-96, 

Mızrak, Seval, Tosunbey are registered in Turkey) were 

planted in Eskisehir Osmangazi University research field, 

Turkey. The field experiment was conducted during growing 

season (2004/2005), seeded in October and harvested in July. 

The experiment was set up as completely randomized block 

design with four replications and a plot size of six rows 10 m 

long and a distance between rows of 25 cm. The soils at site of 

the experiments and precipitation means were sandy-loam and 

288 mm, low in organic matter, and moderate for CaCO3. At 

planting time, phosphorous and nitrogen were applied at a 

standard rate of 60 kg ha
-1

 P2O5 and 40 kg ha
-1

 N.  Nitrogen 

topdressing treatments were applied at the tillering stage in 

March to a total of 70 kg N ha
-1

. The plant height, length of 

spike, spikelet number per spike, number of grain per spike 
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and spike weight were determined on randomly selected plants 

from each plot.  

As in all classification methods, CVA has training and 

testing stages. In the training stage, a common vector which 

represents common or invariant properties of each class is 

calculated and an in difference subspace for each class is 

constructed. Let the vectors 
c c c
1 2a ,a ,...,am Є R

n
 be the feature 

vectors for a variety-class C in the training set where m ≤ n. 

Then each of these feature vectors which are assumed to be 

linearly independent can be written as 

          ,
c c c c
i i dif com i  a a a       for   i=1,2, …, m         (1)                               

where the vector ,
c
i difa indicates the differences resulting from 

climatic effects and alien-pollination, and the vector 
c
coma  is 

the common vector of the variety or character class C, and 
c
i  

represents the error vector [22]. The common vector can be 

obtained from the subspace method. Let us define the 

covariance matrix of the feature vectors belonging to a variety 

or character class as 

              
1

( )( )

m
c c c c T
i ave i ave

i

  Φ a a a a              (2)                                                                       

where 
c
avea  is the average feature vector of C

th
 class whose 

covariance matrix is to be calculated and T indicates the 

transpose of a matrix. 

The eigenvalues of the covariance matrix Ф are non-

negative and they can be written in decreasing order: 

1 2 .n       Let 
c c c
1 2u ,u ,...,un be the orthonormal 

eigenvectors corresponding to these eigenvalues. The first (m-

1) eigenvectors of the covariance matrix corresponding to the 

nonzero eigenvalues form an orthonormal basis for the 

difference subspace B [22]. The orthogonal complement, B┴, 

is spanned by all the eigenvectors corresponding to the zero 

eigenvalues. This subspace is called the indifference subspace 

and has a dimension of (n-m+1). The direct sum of two 

subspaces B and B┴ is the whole space, and the intersection of 

them is the null space. The common vector can be shown as 

the linear combination of the eigenvectors corresponding to 

the zero eigenvalues of Ф [22], that is, 

 , ,c c c c c c c
com i m m i n n  a a u u a u u  i=1,2,…,m   (3) 

    From here, the common vector acom is the projection of any 

feature vector onto the indifference subspace B┴. The 

common vector represents the common properties or invariant 

features of the variety or character class C. The common 

vector is independent from index i. Therefore, the common 

vector is unique for each class and all the error vectors 

c
i would be zero.  

 

During the classification stage, the following decision 

criterion is used: 

     
2

1

n
T

c c c
x ave j j

C S
j=m

distance argmin  
 

   
   

   
 a - a u u    (4) 

where xa  is an unknown or test vector and S indicates the 

total number of classes. If the distance is minimum for any 

class C, the feature vector xa  is assigned to class C.  

III.  RESULTS 

In the first study, each of six varieties forms one class in the 

CVA method. Five characters each of which includes 20 

samples for each wheat variety form five feature vectors of 

that variety. Therefore, there are six classes and each class has 

five feature vectors. When the feature vectors (characters) 

used in the training stage were tested, all classes (varieties) 

were correctly classified, i.e., 100% correct recognition rate 

was obtained. When the “leave-one-out” strategy was used in 

the testing stage, that is, when four feature characters were 

used in the training stage and remaining one character was 

tested, 36.7% correct recognition rate was obtained as average 

of “leave-one-out” steps. The results obtained from this study 

are given in Table 1. The average score obtained in the test set 

is very low because samples included in the characters 

representing same variety are much different. 
 

TABLE I 

CORRECT RECOGNITION RATES OF WHEAT VARIETIES AS PERCENTAGE 

VARIETIES TRAINING SET TEST SET 

Demir-2000 100 60 

Gün-91 100 40 

İkizce-96 100 40 

Mızrak 100 40 

Seval 100 20 

Tosunbey 100 20 

Average 100 36.7 

 

In the second study, the characters were classified by using 

CVA. First of all, five characters were considered and each of 

five characters forms one class in the CVA method. Twenty 

samples taken from each variety for any character form one 

feature vector of that character.  Therefore, there are five 

classes and each class has six feature vectors. When the feature 

vectors, each of them includes 20 samples, used in the training 

stage were tested, all classes (characters) were correctly 

classified, i.e., 100% correct recognition rate was obtained. 

When the “leave-one-out” strategy was used in the testing 

stage, that is, when five feature characters were used in the 

training stage and remaining one character was tested, 80% 

correct recognition rate was obtained as average of “leave-one-

out” steps. The results obtained for this study are given in 

Table 2.  
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TABLE II 

CORRECT RECOGNITION RATES OF FIVE YIELD CHARACTERS  

AS PERCENTAGE 

YIELD CHARACTERS TRAINING SET TEST SET 

Length of spike 100 33.3 

Spikelet number per spike 100 66.7 

Number of grain per spike 100 100 

Spike weight 100 100 

Plant height 100 100 

Average 100 80 

Secondly, last four characters (spikelet number per spike, 

grain number per spike, spike weight, plant height) were 

classified.  All characters were correctly classified (100% 

correct recognition rate was obtained) in both the training and 

testing stages. These scores are remarkable because samples 

taken from varieties for each character are close to each other 

and well represent that character. These results are given in 

Table 3. 
TABLE III 

CORRECT RECOGNITION RATES OF FOUR CHARACTERS  

AS PERCENTAGE 

YIELD CHARACTERS TRAINING SET TEST SET 

Spikelet number per spike 100 100 

Number of grain per 

spike 

100 100 

Spike weight 100 100 

Plant height 100 100 

Average 100 100 

IV. DISCUSSION 

It is known that varieties of different plants have been 

successfully classified by using various computer-based 

algorithms. Classification of wheat varieties with computer 

algorithms has been become popular in recent years [4], [5], 

[7]. Therefore in this study, first of all, six wheat varieties were 

classified by using CVA method. In spite of 100% correct 

recognition rate in the training set, very low recognition rate 

(36.7%) was obtained in the test set. The reason is that 

samples included in the characters representing same variety 

are much different. Thus, common properties or invariant 

features of each variety can not be extracted and indifference 

subspace can not be constructed efficiently.  

Additionally, characters were classified by using CVA 

method. Initially, five characters are applied to the 

classification process and 100% and 80% recognition rates 

were obtained for the training and test set respectively. The 

reason of low score for the test set is that the samples of length 

of spike and spikelet number per spike characters are very 

close to each other. Therefore these two characters are 

confused. When the length of spike character is discarded, that 

is, when last four characters are classified, all characters are 

correctly classified (100% recognition rate is obtained) in both 

the training and test sets. 

V. CONCLUSION 

It is concluded that the CVA method was very successful in 

the classification of different varieties belonging to any plant 

and/or of different characters belonging to any variety. Such 

classifications can be very helpful in assignment of unknown 

varieties or unknown characters to correct plant. As a future 

work, number of varieties for any plant and the number of 

characters will be increased. Satisfactory results are also 

expected from this work. 
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